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Abstract

In this document we present the results of some preliminary exper-
iments using Support Vector Clustering (SVC). The experiments were
conducted both over synthetic data sets and over real-world data sets
taken from UCI Repository of Machine Learning Database.
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1 Hardware

The hardware configuration used for tests:

e CPU: PowerPC G4 at 1.5GHz
e RAM: 768 MBytes
e OS: Mac OS X

2 Software

Since SVC is a young approach to clustering [BHHSVO01, BHSHV00, BHHSV00],
there is no software available, especially for the second stage of the algorithm,
namely Cluster Labeling. So, we started to develop an Object Oriented im-
plementation of the Support Vector Clustering, in order to implement in an
elegant way any variation of the original proposal. The code is written in
C++ and relies on LIBSVM library [CLO1] for the first stage of the SVC,
namely the Domain Description [SPSTT99, [TD99al, [TD99b, [TAXO01]. All
the remaining stuff was developed ex novo. We have implemented two types
of cluster labeling algorithms, the original one [BHHSVO0I1] (also known as
Complete Graph Cluster Labeling) and the more promising one in literature,
namely the Cone Cluster Labeling |[LDO0G, [LD05b], which is the faster one
available and very accurate at the same time. Furthermore, a kernel width
selection method [LD05al, [LD0O5D] for the gaussian kernel is under develop-
ment, which is close to the end of the first working release.

The tests were conducted using only the more efficient Cone Cluster La-
beling, due hardware limitations.

3 Clustering evaluation

Due the nature of these preliminary tests, where for each data-set used we
know also the original classification, we adopt the classic instruments used
for evaluating classifications:

e Precision/Recall/F} in the case of binary classification

e Macroaveraging in the case of multi-class

Furthermore, we also use the accuracy metric, although sometimes it is
not an appropriate measure [MRS07, par. 8.3|; this is why it is often used in
several papers evaluating their own clustering techniques.
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4 Real-world 1: The Iris Plant Database

The Iris Data Set |Fis36] is the best known database to be found in the
pattern recognition literature. The data set contains three classes of 50
instances each, where each class refers to a type of iris plant. One class
is linearly separable from the other two; the latter are not linearly separable
from each other.

4.1 The Data Set

The data-set was taken from UCI Repository of Machine Learning Database
INHBMO9S|:

e Number of istances: 150

e Number of attributes: 4

e Number of classes: 3

e (Classes: Iris Setosa, Iris Versicolour, Iris Virginica

e Class distribution: 50 items per class (the first 50 items in the first
class, and so on...)

e Peculiarity: 1 class is linearly separable from the other 2, but the other
2 are not linearly separable from each other

4.2 The results

We obtain a macro-averaging value of 89.0531% from the results in Table
The accuracy is 89.3333%.

Class (vs Rest) | Precision | Recall F
1 100% 100% 100%
2 75.7576% | 100% | 86.2069%
3 100% 68% | 80.9524%

Table 1: The precision/recall/f1 values obtained for each class of the Iris
data-set, using SVC with Cone Cluster Labeling



4.2.1 Conclusion

We obtain quite good results, which are similar or better of the other classic
algorithms results. Compared with results in several other papers about SVC
ILDO5b, BHHSVO01], we note that our results compares worse with them, but
a more deep analysis will disclose that in those papers the best results were
obtained reducing the dimensionality of data-set (from 4D to 2D) through
PCA. In fact, in [BHHSVO0I] the authors said that with complete data-set
14 misclassifications occur. In our case similar results are obtained, with 16
misclassifications. The difference could lie on the different Cluster Labeling
algorithm and /or on the different implementation of the Domain Description
part of the SVC. Furthermore, we recall our software is in an alpha status
and it needs several improvements and corrections.

5 Synthetic 1: Syndeca 02

The first experiment on synthetic data was performed on a data-set created
with SynDECA [VV05].

5.1 The Data Set

e Number of istances: 1000
e Number of attributes: 10
e Number of classes: 5

e (lass distribution: 327 in the first class, 134 in the second one, 162 in
the third one, 132 in the fourth one, 133 in the fifth one.

e Peculiarity: only 888 points are distributed over the five classes. Re-
maining 112 points are noise (outliers).

e Peculiarity: the various clusters have different shapes, like circle, rect-
angular, ellipse, random and square.

5.2 The results

We obtain a macro-averaging value of 100% and the accuracy is 100%.



5.2.1 Conclusion

The SVC has classified correctly all classifiable points. In addition, in this
test we can observe one of the unique peculiarity of the SVC: the outliers
handling. In fact, as mentioned above, this data-set has 112 outliers. The
SVC detected all of them and clustered in a singleton cluster each. Next, it
takes in account only non-singleton clusters, resulting in 100% of accuracy
and macro-averaging. In this test SVC also shows its ability of dealing with
any-shaped clusters.
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